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Abstract: For the fault diagnosis of three-phase rectifier circuit, this paper proposes a fault diagnosis
method of three-phase rectifier circuit based on the combination of empirical mode decomposition and broad
learning system. The method first uses the empirical mode decomposition method to decompose the fault signal
and extract the basic mode energy of the component as the characteristic signal, and then the broad learning
system with low time complexity and high classification accuracy is used to establish classification model for
fault diagnosis, which effectively accomplish the fault classification of the three-phase rectifier circuit. The ex-
perimental results show that the empirical mode decomposition feature extraction effect is significant, the broad
learning system fault classifier has better adaptability, faster calculation speed and higher accuracy.
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F SRR AE SO 2 E A7 NBE e (wavelet transform, WT) | FM435347 (principal
component analysis, PCA) . 77 S#+{H 4% (singular value decomposition, SVD) FIZIH A% (em-
pirical mode decomposition, EMD) 4§, /INEASH 44347 7 vk ol AL BRES AR A AR RR R 5, (HIGEEHR I
RWE SARRIERE S, A RIE SRS AR BRSBTS IBCRRAE 58 4 TC S BB
BRI A B8 LRE B —E A E BRI, SRR ARAEA ISR FEA e R, ST/ 32
o3 T e AR 22 S B EAE B A S WA RETE R AR S IR 2o BRma s | (HUR HOE T8 A, X
7 BB A B ORI B R ASE e e I EMD 288 TSR M A RIBR , OF B AR S
S ERMRLF, SEGENEET A, EMD B BN E A A SE 1 B ARVRRAE

o7 FF T = R e 7 e R R 2 R AR R vk RO AR A2 4% ( backpropagation
neural network, BP) O 3R 41 425 oY) &% (probabilistic neural network, PNN) | SRR AL ('support vector
machines, SVM) . #PR==>JHL (extreme learning machine, ELM) FI%&/E > R4 (broad learning sys-
tem, BLS) %, [InEREMZENBA A% BE 8 2 HES:, HEH AR 0™ 451 2k 6E
22 HWSGH 18 AF R MR 2 28 AR i 1 S ) AL I 28 I SR 22 IS Y i, (HTT IR A8
e FREAR Rty S Rp I HLTE 2200 28 ) J L A7 A0 TGk 1K 3 ok BE A3 S R, SR i 43 25 )
T SR AE R B A A 6] 5 PR ST AILEE A AR f o, (E S e A BR 2 I HLEE AR I, SRl A6 2
IFIRIRE 240 5 T BE R 2 > RS AR AT B, T LAl ek 1 o e S A R SR T S B E R A kB, 2
SRR FH PR 8 S T

PRI, A SCRE8 78 RS R AR A 28 B0 S 0 A58 02 A AR SE B8 2 ) RGNS &, N
FH T =R it i B 2

1 WEEIZET A AR AL
1.1 ZWREDH

ZIOMS MR FHEAS T 1998 AR H 0 A 3B RS 5 AT ikt . EMD ] RLg 5 o i 05 5 9
H— RGN EABRE (IMF) AT ASFRERTA, A 1A IMF 3R B T15 5 1% JRy s st ] R
JE, AFAUEAHARGE R, EMD B3 T LIRGE R LT 4 S5,

IR RIBAES x (o) FAY BT R KRR MBS, B0 ) it 2 40 T A W R A A A
W ME SRR, BEMES x () KL £ (O MRS £ (1), SHFEE FAgLmT
AL T-BEH m (1) Fom'

B2, Wx(t) G m()EIC Kk, (¢), B

h(1) =x(t) ~m(1), (1)

HAMFT, b () R—DEABL R (IMF) , B2, SRR NME S REH2T0, HEr2E
By () "POTREASRAEAEAERTRR I . PR By (o) M0 x (o), EEABTR L M2 ERAE, HEh ()N
— AR R, ek

¢, (t) = h(t), (2)
HIR 3. S ESARE — A e (05, A x(0) Wk e, (O)BBIRTFIMES x, (1), W
x, (1) =x(1) —¢, (1), (3)

R4, x, (1) S0 x (1), ERELLE 3 ANPER, 2R3
x, (1) =x,(1) —¢y(1),
x; (1) .sz(t) - ¢5(t), (4)

x, (1) - x,, (1) —¢, (1),
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8= X |l (1) = by (o) | B (D) (5)
Horh, TR DRI AR 6 IR 0.2 ~ 0.3 . RS AHFRANTx, (1) = r, (1)
TR 5 4 )5 B R WAk, it EMD 40, BEAME S x (o) BOoMI s T 364 8 25 40 it
c,(t),i=1,2, - n, F—DFRERI r, () HF1,ED

x(t) = ici(t) +r.(t), (6)
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Fig.1 BLS structure diagram
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Horp, w, AR 2 AL
XFF— ARG (k)
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Fig.2 Three-phase bridge rectifier
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Fig.3 Flowchart of EMD-BLS based fault diagnosis
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2.1.2  ESHT

FR T ik E B A 1) R ERE SR BOECHE H9 18 x FEEAR Ay 22 75 2) SREM 2248
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Y up - (x),x50x,)"
yLZ - u2I * (xli ’x;"..in)T o (18)
Y. uy - (xi,x5x0)"
2.1.3 HRHEIH
A SE IR (19)2 2k
A =U3V, (19)

Horb, HFEA B moxn WM, UZ—mxm WHER;, 3 & mxn WERE, BT EXM4
FWICRUAN RO, FEXAL FEN TR RE; VIE— I xnFERE; UMV R
M, BN U'U =1, V'V =1,

WA 2 R IEAE RS A B BLS W48 Fh EAT IR LU, BLS BURFAE T 5 FI3G 5 15 d #0AH R, 28
10 REEEGAFE] 3 FAS[E] il & M I SEER 255 (An38 1 TR ), NONE AR HEA TARAE 4R IR bR 5t

2 1 ATEH, Mk A 00, 30°F1 60°KT, 53 FRFHEBU IR AR T ELER, R FHFAF 4R EL
D5 EEBEA RS D Y R ] RO S AERAEE . 00 300 EMD AY4FAE SRR I i, A B 16 2 100%
FEIX PURMREAESR IO 12 B SR IR BT . Ml Ak 3008, BARFIH SVD HEATRFIESRIRAT LI 2%
IR TE], (RIS B 92. 86% , 1l EMD 5754 100% ;5 [FIES, 5 WT, PCA $2EUAYFEEECHE AH
Fede, EMD J7ikn] DUA R > N 2Rt [ A ), £ @ A e SR Ui se vk, ik /1o 60°8T,
EMD 5 3 BRI 25t ) A i (6] 5822 1 WT, PCA 1 SVD /b, 1 BAE—EFERE Bk i 1 i
LR FRTR, EMD ik REET b R Z M TCay, PRSI A A, A LA AR = BLS
BR3P R AL

F1 MR FH 0°.30°,60° R EHSERIUT E R L&

Tab. 1 Comparison of different feature extraction methods when the trigger angle is 0°,30°,60°

fi# KA WP YIZRAT[a] YIZkE IR [A] WK
Trigger angle Method Train time/'s Test accuracy/ % Test time/s Test accuracy/ %
FREEIURHE NONE 1.939 100.00 0.761 92.86
LB % EMD 1. 664 96.43 0.542 100. 00
0° /N AR WT 1.842 92. 86 0. 664 92.86
TR PCA 1.724 96.43 0.638 96.43
A SHEST# SVD 1.694 92. 86 0.592 92.86
KALHUFFIE NONE 2.121 100. 00 0.857 96.43
LM EMD 1.716 100. 00 0.575 100.00
30° /N AEH WT 1.881 92.86 0. 664 96. 43
F RS S3HT PCA 1.986 85.71 0.661 92.86
S5 SVD 1.672 92. 86 0.531 92.86
KAILHUFIE NONE 2.089 100. 00 0.773 92.86
LB % EMD 1.631 96.43 0.527 96.43
60° /NI WT 1.879 92. 86 0.704 92.86
FE 8T PCA 1.891 96.43 0.638 96.43
A SHEST# SVD 1.644 100.00 0.592 92. 86

2.2 WS EFEMILE

J T B3 UE EMD-BLS 82 W7 ik A sk, $EH EMD 3 BUS B A BIAS R B sy 2 a8 it 47
[b#, H)5 EMD-ELM, EMD-BP, EMD-PNN., EMD-SVM 3t 4 Rk f&i2 W J5 B #6417 48, ELM, BP,
SVM B2 258 Sigmoid PREL, BLS HY3E5RIZEESE Sigmoid PREL, [FIET, MMEFE [ -1, 1] LMbs
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HEX S A R BLS HRRAAIE Y o J2 RIS 5 1 L2 AR A m AL &, eAh, SCIR 25 IR AR T ik AS
FHY 10 YOE ARG, =R R] fil & A 0 BOR 3 28 SE B 45 5 0 W2k 2
2 nTAE . 2% A 0°mt, ELM 76U Zh st A2 vh 2 80t AR 4 i a1 R ifie i
N 100% , MRIHERF A 100% , (HFLYI R ] AT (o) 4 i £ F Hofh 2y 2888, BLS BEAY g 1)l
YRR 1. 664 s, LT ELM, BP, PNN, SVM HJJIZRAFIE], Sl & f A 30°mF, 5 Fhr2r k48
BN () U 250 2 RN RS B2, Ferp BLS A9 I Rt [ Fn I st 1] 73 531 LA 2 1. 716 s F0. 575 s,
MR T ELM, BP Al PNN | SVM, 4filt& fioh 60°H}, SVM J7 7%k AT LT PR 52 Bk iz W, 11250
IR R, E I 2ok B2 AT 0KS B2 L BLS SEIG; BLS BEBY N ] Tk 4328, IR vHef 32 00 3 o
WY N 96. 43% , S HAEREAR T HAB P IEAAY , 25 FRTiR, — AR ERZ EMD 2 il FRES2 U
FH BLS 43265 ] ELM, BP, PNN, SVM 23251 EL, BLS BEME AH X A Huws v s 58 4028, 16 AR A A i
BRI S 7R 0T LA L e e A ORGSR B IS T
Fz2 fERA0°.30°.60° AR EFER LR

Tab.2 Comparison of experimental results of different classification methods when the trigger angle is 0°,30°,60°

i X fA Tk I ZRHs} i YIZhAg B TR 7] WS BE
Trigger angle Method Train time/'s Test accuracy/ % Test time/s Test accuracy/ %
a3 R4 BLS 1. 664 96.43 0.542 100. 00
24 BP 2.621 75.00 0.896 78.57
0° BRI HL ELM 11.390 100. 00 2.316 100. 00
MEFR A2 4% PNN 2.428 82. 14 0.751 89.29
Hlas2= 2L SVM 2.354 92.85 0.649 96.43
FERE ] R Y0 BLS 1.716 100.00 0.575 100. 00
ML M4 BP 2.912 96.43 0.842 96.43
30° W FR2= ML ELM 12. 140 100. 00 3.153 96.43
HER A2 4% PNN 2.327 100. 00 0.683 96.43
HlagzE >0l SVM 2.149 100. 00 0.597 96. 43
FEE2 > R 58 BLS 1.631 96.43 0.527 96.43
2 M4 BP 2.541 96.43 0.731 85.71
60° W BR2: 2Bl ELM 11.950 85.71 2.452 96.43
MEFR A2 4% PNN 2.051 92.86 0.648 89.29
W FR2= ML SVM 1.584 89.29 0.439 92.86

3 it

A SCHEH —Fh LT EMD-BLS (1) =A% 7 o I B2 Wi vk, A EMD 5 3R BURR AR, RAS R4k
SAEHERE , FRRREUS B8R A BLS iR StPlEI2 M, 485 MATLAB {5 ELS256 | EMD 4HAE4R
BT RO, BLS 2025 T, EMD-BLS J5 5 REAS R kb SE 0k B2
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